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Abstract

Large language models face significant con-
straints in practical applications due to their
high inference costs. While various compres-
sion techniques exist, Layer Pruning meth-
ods have emerged as a particularly effective
solution for these hardware constraints. By di-
rectly reducing model depth, these methods of-
fer inherent hardware efficiency and significant
reductions in inference latency without requir-
ing specialized hardware support. However,
existing layer pruning approaches often come
at a cost: they simply discard layers, failing
to adequately preserve the functional informa-
tion of the removed components, which leads
to unavoidable performance degradation. To
address these limitations, we propose Layer
Fusion (LF), a novel compression framework
that fuses weights from multiple Transformer
layers without fine-tuning or extensive data.
LF operates in five stages: identifying layer
features, selecting fusion targets, extracting
residual weights, balancing parameter impor-
tance, and generating composite weights. Our
method requires only minimal probe data and
preserves the original model structure, facilitat-
ing efficient hardware inference. Experiments
show that LF outperforms existing compres-
sion approaches across multiple benchmarks
and model architectures, achieving a superior
performance-size trade-off with minimal com-
putational overhead. The framework is highly
scalable and compatible, offering a new direc-
tion for efficient model deployment. Code is
available at anonymous github'.

1 Introduction

Traditional LLM (large language model) compres-
sion methods primarily include quantization (Zhou
et al., 2024), knowledge distillation (Gou et al.,
2021), and pruning (Liu et al., 2018), as shown
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Figure 1: Traditional methods often fail to preserve the
model’s structure or discard significant weight informa-
tion, whereas the Layer Fusion approach effectively
addresses these issues.

in Figure 1-A. Quantization reduces the numer-
ical precision during inference (e.g., converting
32-bit floating-point numbers to 16-bit) to com-
press the model. Empirical results show that this
method has a minimal impact on performance
within certain accuracy ranges and can be eas-
ily combined with other compression techniques
(Egashira et al., 2024). Knowledge distillation uti-
lizes a larger, more powerful teacher model to
generate high-quality annotations for training a
lightweight student model, aiming to approximate
the performance of the original model. However,
this approach typically demands substantial com-
putational resources and training time, posing prac-
tical barriers (Cho and Hariharan, 2019). Pruning
can be categorized into unstructured and structured
pruning: unstructured pruning (Liao et al., 2023;
Bowen et al., 2024) identifies redundant weights
through importance evaluation (e.g., magnitude or
Taylor expansion estimates) and sets them to zero,
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but the resulting sparse matrices are often difficult
to accelerate efficiently on hardware; structured
pruning (Fang et al., 2023) alleviates this issue to
some extent by removing entire rows or columns
of weights, yet it often leads to irregular model
architectures, limiting flexible deployment.

Recently, a new compression method—Ilayer
pruning—has garnered increasing attention. Based
on the assumption of redundancy among Trans-
former layers (Gromov et al., 2024), this approach
directly removes certain layers while striving to
preserve model performance. Since removing en-
tire layers does not alter the computational graph
structure, it naturally supports hardware accelera-
tion and exhibits considerable application potential.
Existing studies can be divided into two categories:
one directly identifies and eliminates redundant lay-
ers (Song et al., 2024) (Men et al., 2024 ), while the
other involves fine-tuning after pruning to recover
performance (Kim et al., 2024) (Gromov et al.,
2024) (Chen et al., 2024). However, directly re-
moving layers often results in significant perfor-
mance degradation, and fine-tuning requires exten-
sive data and training resources. Although some
studies have attempted to reduce fine-tuning costs
(Chen et al., 2024), they still necessitate tens of
thousands of data samples, limiting practical appli-
cability. Notably, these methods generally overlook
the underutilized functional information within the
pruned layers , as illustrated in Figure 1-A.

To better leverage the functional weights of the
pruned layers, we propose a weight fusion ap-
proach to retain the functionalities of the original
layers (Figure 1-B). Language models typically
consist of stacked Transformer decoder layers with
homogeneous structures, a characteristic highly
similar to the settings of multi-task model weight
fusion (Ilharco et al., 2022; Ainsworth et al., 2022).
Therefore, each layer can be regarded as a func-
tional sub-model. By fusing the weights of multiple
layers, a multifunctional composite layer is formed,
thereby preserving performance while compress-
ing.

Motivated by this and inspired by key work in the
field of weight fusion (Ilharco et al., 2022), we pro-
pose a novel layer fusion (LF) framework, which
comprises five core modules: Identification, Deci-
sion, Residual Extraction, Balancing, and Fusion.
Specifically: 1) Identification: A small amount of
probe data (< 50 samples) is fed into the model
to extract the input and output hidden states of
each decoder layer. 2) Decision: Based on a user-

specified compression ratio and layer interval NV,
the similarity of input/output states across consecu-
tive IV layers is computed. The consecutive layers
with the highest similarity (i.e., the greatest func-
tional overlap) are selected for fusion. 3) Residual
Extraction: The functional weighted average of
the selected IV layer weights are computed as the
baseline weights section 3. The residual between
each layer’s weights and this baseline is calculated
to obtain a layer vector (LV) representing layer-
specific information. 4) Balancing: To reduce
redundancy and noise, importance weighting is ap-
plied to each dimension of the layer vector, empha-
sizing information-rich parameters. 5) Fusion: The
weighted layer vectors are fused with the baseline
weights to generate a new weight matrix, replacing
the original N decoder layers.

Our method requires only minimal data and
achieves high-performance compression without
fine-tuning, offering computational efficiency and
hardware-friendliness, making it suitable for plug-
and-play model compression scenarios. Addition-
ally, the LF framework is highly modular and ex-
tensible, with each stage allowing independent op-
timization.

The main contributions of this paper are as fol-
lows: i) We pioneer the concept of layer fusion
from a weight fusion perspective and systemati-
cally analyze its similarities and differences with
related methods, providing new insights for future
research. ii) The proposed layer fusion framework
exhibits strong compatibility and extensibility,
enabling integration with existing weight fusion
techniques and advancing the field of model com-
pression. iii) Our approach significantly outper-
forms mainstream baseline methods with almost
no additional computational overhead, enhancing
the practical value of lightweight technologies.

Most Relevant Work (Yang et al., 2024b): This
paper introduces a method called LaCo, which
fuses N consecutive layers of a model into a single
layer. The method selects the first layer as the base-
line, calculates the difference between the weights
of subsequent layers and the first layer, and then
directly adds these differences to the weights of the
first layer to obtain the fused layer. However, based
on our observations, directly adding the differences
to the baseline layer results in excessively large
weights, severely impacting performance. Further-
more, LaCo does not address the relationship be-
tween its method and model fusion, nor does it
provide a more granular analysis or explanation of



this fusion process. These aspects are comprehen-
sively covered in our paper.

2 Preliminary

In this section, we will provide a detailed intro-
duction to fundamental model fusion techniques
and the rigorous definition of model layer com-
pression. This lays the groundwork for subsequent
discussions of our approach.

2.1 Model Fusion: Task Vector Based

Recent work by (Ilharco et al., 2022) introduced
task vectors as a mechanism for steering the behav-
ior of pre-trained models through arithmetic opera-
tions in weight space. Formally, given a pre-trained
model with parameters 0 € R? and a model fine-
tuned on a task ¢ with parameters 0t € R, the task
vector 73 is defined as the element-wise difference:

Tt = 9? - epre (D

This vector encodes the direction in weight space
that improves performance on task ¢. Task vectors
can be scaled and combined through arithmetic
operations to edit model behavior without addi-
tional training.

If we want to integrate N downstream task mod-
els that perform different tasks, we can fuse the task
vectors corresponding to these downstream task
models and integrating them onto the pre-trained
weights.

N
9fused _ Hpre + A Z 9? (2)
t=1

The resulting fusion model 75¢¢ possesses the ca-

pabilities of the N downstream models that were
fused. This idea has inspired us to explore the
integration of layers within the model.

2.2 Problem Formulation: Rigorous
Definition of Model Layer Compression

Let a deep neural network model be represented as
a sequential composition of L layers. Formally, the
model M is defined as:

M=LroLp 10---0Lg 3)

where each layer £; fori = 1,2,..., L is a para-
metric function with parameters §; € R%, and o de-
notes function composition. The overall parameter
set of the model is © = {61,602, ...,0r}. Given an
input x, the output is computed as y = M (x; O).

Layer Redundancy Hypothesis The theoreti-
cal foundation of layer compression rests on the
layer redundancy hypothesis, which posits that
deep neural networks inherently contain signifi-
cant functional redundancy across adjacent layers
??. Formally, for a sequence of consecutive lay-
ers {L;, Li+1,...,Li1x—1}, we hypothesize that
their composed transformation can be sufficiently
approximated by a more compact representation:

Livh—10--0Liy10Li(x)~L(X) (4

where £ denotes a compressed transformation that
preserves the essential functionality of the orig-
inal k layers. This hypothesis suggests that the
parameter spaces of adjacent layers exhibit sub-
stantial linear dependence and functional similarity,
creating opportunities for depth reduction without
significant performance degradation.

The existence of such layer redundancy provides

both the motivation and theoretical justification for
model layer compression, indicating that careful
recombination of layer parameters can maintain
network performance while substantially reducing
computational requirements.
Model Layer Compression aims to reduce the
number of layers while preserving the model’s
performance. Specifically, we seek a compressed
model M’ with L’ layers where L' < L:

M =L, 0L, jo-0L]) (5)

with parameters ©' = {0],65,...,67,}. The goal
is to ensure that the behavior of M’ approximates
that of M over an input distribution X. This is
formalized by minimizing a performance gap:

minExy [D (M(x:0), M (x:01)]  (6)

where D is an appropriate discrepancy measure
between outputs, and the compression ratio is p =
(L—L")/L.

This compression process involves identifying
a transformation f : © — ©' that reduces
layer count while preserving functional behav-
ior, leveraging the inherent redundancies identified
in the layer redundancy hypothesis.

3 Layer Fusion: Our Method
3.1 Overview

Layer Fusion (LF) is a structured compression
framework designed to reduce the depth of LLM
by fusing contiguous layers with low functional



strength subsection 3.2. The method operates
through five sequential stages: (1) Identification,
where layer-wise activations are recorded using
probe data; (2) Decision, where fusion blocks are
selected based on activation similarity and user-
defined compression ratio; (3) Residual Extrac-
tion, which computes layer-specific residuals rela-
tive to a geometric centroid; (4) Balancing, which
emphasizes salient features in the residuals; and (5)
Fusion, where residuals are combined and merged
into a new layer. An overview of the pipeline is
illustrated in Figure 2.

3.2 Functional Strength Metric

Before introducing our method, we first de-
fine a key metric, which we refer to as func-
tional strength. Suppose we now have a
continuous network layer represented as S =
{Ls,Lit1,...,Liyp-1}. Here, S denotes a con-
tinuous layer block. Meanwhile, B indicates the
length of this contiguous block. We can define the
input-output similarity of this continuous block as:

B
Sim(S) = é Yk (h@l, hE?B_l) 7
n=1

Where h; denotes the hidden state output of the i-th
layer of the model, as detailed in subsection 3.3,
and k(-,-) denotes a similarity function (In our
implementation, we employ the most commonly
used cosine similarity). Based on the assumption,
blocks with high input-output similarity exhibit
lower functionality (exerting minimal influence
on hidden states). We can define the functional
strength of a block as:

Func(S) =1 — Sim(5) (8)

We can use this method to calculate the functional
strength of a block in the subsequent discussion,
and it can also be applied to calculate the functional
strength of a single layer (B = 1).

3.3 Stage 1: Identification

To provide essential reference information for sub-
sequent fusion compression processes, we con-
structed a set of probe data to collect the hidden
states of each layer in the model.

Let the original model M consist of L lay-
ers. We sample a small set of probe data P =
{x1,%2,...,%xn}, where N < 50, covering di-
verse input types. For each input x € P, we record
the hidden state after each layer:

hi :,Ci(hifl), for: = 1,2,...,L (9)

with hg = x. The collected hidden states form
a matrix H € REXNXd where d is the hidden
dimension.

3.4 Stage 2: Decision

Unlike many other approaches, we consider more
than just compressing a single contiguous block.
We support users setting different block sizes and
compressing multiple blocks discretely to achieve
a specified compression ratio. This method offers
greater flexibility and control. The traditional ap-
proach focusing solely on a single block can be
viewed as a special case of our method.

Given a target compression ratio p < 1 and a
block size B € Z", we aim to reduce the number
of layers such that:

L'=|L-(1-p)

We generate all contiguous blocks of B lay-
ers, denoted as B = {Sj}fngH, where §; =
{L;,Lj+1,...,Lj+B—1}. For each block Sj, we
compute the functional strength Func(.S;). And
select non-overlapping blocks {.S},, Sj,, ..., Sjx }
that minimize the total functional strength to en-
sure that the blocks we prepare for compression

have minimal impact on the overall performance:

10)

K
minZFunc(Sjk), subjectto K-(B—1) = L—L'

k=1
(1D
ensuring the total number of layers removed aligns
with the compression ratio.

3.5 Stage 3: Residual Extraction

For each selected  block S =
{L, Lit1,-- - Loyp_} with parameters
{0,041, ...,0+5-1}, we compute the baseline
weight:

é = Centroid(@t, 6t+1, ey 9t+B_1) (12)

The layer vector (residual) for each layer £; is
defined as:

v;=0;—0, fori=tt+1,...,t+B—1 (13)

These vectors capture layer-specific deviations
from the centroid. We have experimentally and
theoretically demonstrated that layer vector fusion
exhibits superior orthogonality compared to di-
rect fusion of layer parameters.

Extension We primarily employed the
Functional Weighted Average method for se-
lecting the centroid. Weights are assigned based
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Figure 2: Overview of Our Proposed Layer Fusion (LF) Method

on the functional strength indicators of each layer
within the current compressed block, yielding a
weighted average to obtain the baseline weight:

t+B-1
Centroid(@t, 9t+1, . ,(9,5+B,1) = Z w;b;

1=t (14)
Func(£;)
SiEP T Fune(£;)

We theoretically evaluate the advantages and
disadvantages of three distinct baseline weight-
ing methods and conclude that the functional
weighted average (Ours) approach provides a su-
perior foundation for layer vector extraction. The
proof process is detailed in Appendix B and Ap-
pendix C.

where w; =

3.6 Stage 4: Balancing

To emphasize important features in the layer vec-
tors, we apply a balancing mechanism 7 : R¢ —
R< that scales each dimension of v; based on its
magnitude:

Vi =(vi) =vi Ow; (15)
where w; € R? is a weight vector whose com-
ponents are monotonically increasing functions
of |v; x|. This suppresses noise while preserving
salient features.

In our actual implementation, we applied the
balancing method described in (Du et al., 2024).
Further details will be provided in Appendix D.

3.7 Stage 5: Fusion

The balanced residuals are fused into a single resid-
ual vector:

(16)

Here, A represents the fusion coefficient, which
controls the overall amplitude of the layer vector
during fusion. v is added to the centroid to produce
the fused layer parameters:
qused =0+v (17)
The new layer Lyseq With parameters Opygeq re-
places the original B layers. The process is re-
peated for all selected blocks, resulting in a com-
pressed model M’ with L' layers.
Discussion: What does the layer fusion frame-
work bring? Traditional unstructured pruning
methods and model fusion approaches face signifi-
cant limitations in practical application. Unstruc-
tured pruning is difficult to leverage directly due
to the challenges of hardware acceleration (Yang
and Zhang, 2021), while model fusion often suffers
from substantial performance degradation (Yang
et al., 2024a), hindering its deployment. However,
our layer fusion framework effectively combines
these two techniques for more promising and prac-
tical model compression tasks, unlocking greater
potential for future advancements in these fields.

4 Experiments
4.1 Benchmark

Dataset To comprehensively evaluate the perfor-
mance of compressed models, we selected six
authoritative benchmark datasets: ARC (Easy
& Challenge) (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), OpenBookQA (Mihaylov
et al., 2018), PIQA (Bisk et al., 2020), and
Winogrande (ai2, 2019). This combination spans
multiple cognitive dimensions—including scien-
tific knowledge, common-sense reasoning, phys-
ical understanding, and linguistic disambigua-



Table 1: Performance Comparison on Multiple Datasets under Different Compression Ratios. Dense models serve
as original model. Best results for each dataset are highlighted in bold, and second-best results are underlined.

CR represents compression ratio (p).

Dataset Performance (%)

CR LLM Method

ARC-¢c ARC-e HellaSwag OpenBookQA PIQA WinoGrande Average

Dense 55.29 79.67 79.21 3.20 80.97 74.03 68.73

LLMPruner 25.94  26.22 26.05 26.40 50.82 48.78 34.04

Llama3.1-8B  SliceGPT 2048  33.88 28.34 26.00 52.83 50.83 35.39

LaCo 29.92  27.39 27.42 30.40 53.32 52.25 36.78

§ LF (Ours) 38.82 47.94 56.50 32.00 68.82 65.43 51.59

o Dense 49.32 77.53 79.40 45.20 80.47 71.74 67.28

LLMPruner 34.39 62.75 52.46 36.00 72.47 53.59 51.94

Llama2-13B  SliceGPT 38.23  60.94 57.39 40.60 67.08 67.88 55.35

LaCo 40.27  59.34 66.00 36.80 70.57 69.38 57.06

LF (Ours) 42.66 62.25 67.93 37.40 71.65 70.17 58.68

Dense 55.29 79.67 79.21 13.20 80.97 74.03 68.73

LLMPruner 27.22 26.26 26.53 26.60 50.98 49.17 34.46

Llama3.1-8B  SliceGPT 20.90  36.83 29.75 25.80 54.68 49.72 36.28

LaCo 47.03  67.63 70.51 38.20 74.27 71.19 61.47

§ LF (Ours) 48.63 68.43 70.37 41.00 73.94 70.72 62.18

= Dense 19.32 77.53 79.40 15.20 80.47 71.74 67.28

LLMPruner 45.14  73.36 72.99 41.40 78.62 64.80 62.72

Llama2-13B  SliceGPT  45.48 73.53 69.42 45.00 75.35 70.80 63.26

LaCo 44.62  70.50 73.97 41.40 76.06 70.48 62.84

LF (Ours) 46.25 72.10 74.76 44.20 77.04 70.32 64.11

tion—effectively testing models’ overall capabili-
ties in preserving core competencies and handling
tasks of varying difficulty. This ensures our evalu-
ation results remain comparable with mainstream
research.

LLILMs At the model level, we selected the most
widely used Llama series models, specifically
choosing Llama 3.1-8B (Dubey et al., 2024) and
Llama 2-13B (Touvron et al., 2023), two models
with different parameter counts—to demonstrate
the stability of the proposed method.

4.2 Probe Data

The probe data is carefully constructed to cover
diverse functional aspects of language model ca-
pabilities. We design samples spanning multiple
linguistic dimensions, including syntactic process-
ing, semantic comprehension, logical reasoning,
knowledge retrieval, and mathematical computa-
tion. Each dimension contains representative ex-
amples that can effectively trigger different layers
of the model to exhibit their specialized process-
ing patterns. This multifaceted probe design en-
sures that our layer similarity analysis captures the
true functional redundancy across various language
understanding tasks. In all experiments, the total
number of probe data points was set to 50. The
complete taxonomy and specific examples for each

functional dimension are detailed in Appendix E.
4.3 Main Result

Setup We conducted an exhaustive performance
comparison with existing mainstream model com-
pression methods (without post-training). Specif-
ically, our selected baseline methods include
ShortGPT, LLM-Pruner, SliceGPT, and LaCo.
ShortGPT (Men et al., 2025) achieves model
lightweighting by directly discarding a contigu-
ous segment of layers. In this paper, we treat it
as a variant of our own method (excluding layer
fusion), denoted as LF(None). LLM-Pruner (Ma
et al., 2023) employs a structured pruning strategy
that first divides the entire model into distinct sub-
networks by identifying path dependencies, then
selects which subnetworks to prune by estimat-
ing the importance of model weights. SliceGPT
(Ashkboos et al., 2024) uses orthogonal transfor-
mations to prioritize important dimensions of the
input matrix, subsequently pruning the weight ma-
trices of other dimensions to preserve the model’s
original functionality as much as possible. LaCo
is a widely adopted layer-wise pruning method. It
uses the model’s first layer as a baseline, calculates
the differences between subsequent layers and the
first layer, and directly adds these differences to the



first layer to perform layer pruning. In practice, we
observed that directly adding the differences caused
the first layer’s weight magnitudes to become exces-
sively large, rendering the model ineffective. There-
fore, we introduced an empirical coefficient at this
step to control the magnitude of the differences
and performed parameter tuning. LF (Avg), LF
(First), and LF (Centroid) represent three meth-
ods for calculating the baseline weight: using the
average of the inner layer weights within the block
to be compressed, the first layer weights within the
block, and the functionally weighted average of the
inner layer weights within the block. These can
be regarded as three variants of our method. We
divided the main experiment into two parts. The
first part consists of comparative experiments be-
tween our LF method and other methods, presented
in Table 1. In these comparisons, our LF method
employs the LF (Centroid) variant. The second
part involves comparing different variants of our
LF method using Llama3.1-8B under different ,
which can be regarded as ablation experiments.
The results for this part are shown in Table 2. More
detailed settings are described in Appendix A.

Table 2: Ablation Study of Our Proposed Method (LF)
under Different Compression Ratios.

Dataset LF (None) LF (Avg) LF (First) LF (Centroid)
Compression Ratio: 25%
ARC-e 42.29 47.73 46.12 47.94
ARC-c 2491 38.57 38.74 38.82
HellaSwag 3491 56.35 58.92 56.50
OpenBookQA 26.40 31.80 31.40 32.00
PIQA 62.56 68.28 67.28 68.82
WinoGrande 55.80 65.59 65.87 65.43
Average 39.81 51.39 51.39 51.59
Compression Ratio: 12.5%
ARC-e 44.19 48.29 46.67 48.63
ARC-c 66.54 67.80 66.46 68.43
HellaSwag 69.26 70.01 68.84 70.37
OpenBookQA 40.20 40.80 41.00 41.00
PIQA 72.69 73.39 73.07 73.94
WinoGrande 67.45 70.64 70.96 70.72
Average 58.93 61.82 61.17 62.18

Layer Compression Vs. Structured Pruning
First, we can observe from the comparison between
layer compression methods (LaCo and LF) and
traditional structured pruning approaches (LLM-
Pruner, SliceGPT) that layer compression consis-
tently outperforms structured pruning. This sug-
gests that structured pruning is more prone to dis-
rupting the model’s internal architecture, whereas
layer compression, operating at a coarser granular-
ity, avoids this issue and thus better preserves the

model’s capabilities.

LLaCo Vs. LF Next, we focus on the internal
comparison between the LaCo method and our LF
method. It can be observed that under the Llama
3.1-8B model with a compression ratio of 25%, the
average performance of LF surpasses that of LaCo
by 14.81%. This indicates that our approach better
leverages model information compared to LaCo
in smaller models and under high compression
rates, mitigating information loss caused by noise
introduction during layer fusion. Although this
difference tends to decrease as the model depth in-
creases and the compression ratio decreases, our LF
method consistently outperforms the LaCo method.
Ablation Study Finally, by comparing several vari-
ants of the LF method, we observe that using func-
tional weighting (Centroid) as the baseline weight
consistently yields the best performance (highest
Average metric) across different compression ratios.
This demonstrates that when the model is smaller
(each layer is relatively more important) and the
compression ratio is high, the functional weighting-
derived baseline weight effectively guides the resid-
ual extraction and fusion process, leading to im-
proved results.

4.4 Probe Data Sensitivity

Random Probe Data Selection To further demon-
strate the exceptional robustness of our method
even under extremely sparse probe data conditions,
we selected 10 probe data points from a large probe
database (2000 entries) using three random seeds
(42, 123, 456) to compute input-output similarity
for layer compression. The results obtained under
different block size settings are shown in Figure 3.
It can be observed that despite the extremely lim-
ited quantity (only 10) and high randomness of
the probe data, the similarity trends between dif-
ferent blocks are nearly consistent (have a Pear-
son correlation coefficient close to 1). Although
absolute similarity values differ for blocks with
greater lengths, this does not affect the similarity
of the overall trend. The previous work (Chen
et al., 2024) included similar tests, but they only
examined trends in scenarios with large datasets,
whereas our experiments focus on scenarios with
extremely small datasets.

4.5 [Iterative Layer Fusion

Setup Unlike one-time direct model compression,
our LF framework also holds significant poten-
tial for iterative layer fusion. Specifically, if we



Probe Data Stability Analysis Across Different Block Sizes
Block Size 5
Avg Pearson: 0.999

Block Size 9
Avg Pearson: 0.996

Block Size 3
Avg Pearson: 1.000

Input-Output Similarity
Input-Output Similarity

0~ Seed 42
~@~ Sced 123
A Seed 456

—e— Seed 42
~@~ Seed 123
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5 w0 15 0 1
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Figure 3: We selected 10 samples from a large probe database using different random seeds and employed these

samples to compute input-output similarity, thereby verifying the stability of our method for probe data.
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Figure 4: Visualization of Iterative Layer Fusion Effects for Different Step Lengths.

aim to achieve a high compression ratio p, we can
perform multiple-layer fusions on a model using
smaller compression ratios. This differs from di-
rect layer fusion in that iterative fusion may utilize
the weights from the previous fusion layer, thereby
minimizing changes to the original model layers
while ensuring the desired compression ratio. We
employed Llama 3.1-8B with a 25% compression
ratio (reducing 8 layers) as our iterative experi-
mental setup. We selected three compression ap-
proaches: the first directly fused 8 layers in one
step (1 Step), the second reduced 4 layers per itera-
tion with 2 iterations (2 Step), and the third reduced
2 layers per iteration with 4 iterations (4 Step). The
model’s performance on ARC-e served as our eval-
uation metric. More detailed experimental settings
are provided in Appendix F.

Results Analysis As shown in Figure 4, when
maintaining the same compression rate, the multi-
step iterative fusion method ultimately yields a
model with superior performance. Moreover, as
the number of iterations increases (with a corre-
sponding decrease in the number of fusion layers
per iteration), the compressed model demonstrates

enhanced capabilities. Compared to single-step
compression, the four-step iterative compression
approach achieves approximately 1.4% higher per-
formance. This demonstrates that the Layer Fusion
method holds greater potential.

5 Conclusion

In this paper, we propose a Layer Fusion frame-
work for large language models (LLMs). This
method fuses consecutive layer weights into a sin-
gle layer through specific steps, aiming to maxi-
mize the utilization of information contained within
the layer weights to enhance the performance of
compressed models. Simultaneously, our approach
bridges the traditional model fusion domain with
the unstructured pruning domain. While address-
ing the long-standing lack of practical applications
in these fields, it also injects new vitality into the
domain of LLM streamlining.

6 Limitations

Current LF methods still face several issues that
need to be addressed. Firstly, although the com-
putation of baseline weights has been improved to
some extent through strategies such as functional



strength-weighted averaging, there remains a lack
of intuitive analysis from perspectives such as loss
landscapes. Moreover, more advanced methods
for calculating baseline weights—such as those
based on training dynamics, loss landscape proper-
ties, or requiring fewer hyperparameters—warrant
further investigation in the future. Secondly, tradi-
tional model fusion methods typically treat layers
within networks as parallel and independent enti-
ties, neglecting potential inter-layer dependencies.
However, from the perspective of layer fusion, the
weight of a subsequent layer often heavily depends
on that of the preceding one. Thus, incorporat-
ing such hierarchical dependencies into the weight
fusion represents a promising research direction.
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A Main Result Parameter Settings

In our experiments, we uniformly employed 50
probe data inputs to extract input-output data for
each model layer. These data points were evenly
sampled from different probe data classifications.
For both SliceGPT 2 and LLM-Pruner 3, we uti-
lized their official open-source code repositories
from GitHub for implementation. For the actual

*https://github.com/microsoft/TransformerCompression
3https://github.com/horseee/LLM-Pruner
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implementation of LaCo, we set the fusion coef-
ficient to 0.2 when fusing 8 layers. Since our LF
method employs different granularities during fu-
sion (8 layers, 4 layers, 2 layers), we set the fusion
coefficients A to (0.2, 0.4, 0.6) respectively. Addi-
tionally, during the Balancing phase, we measure
the importance of each position weight. We set the
LVs with importance in the bottom 80% to zero to
enhance the fusion effect. All experimental data
represent the average of two runs.

B Mathematical Proof of Baseline Weight
Selection

In this section, we provide a mathematical proof
demonstrating the superiority of using the mean
of layer weights as the reference point over using
the first layer’s weights in our Layer Fusion frame-
work.

B.1 Notation and Definitions

Let © = {0,609, ...,0x} represent the weights of
N consecutive decoder layers, where each ; € R?
is a weight vector (or flattened weight matrix). We
define the mean weight vector as:

1
0=~ Z 0
=1
We consider two schemes for selecting the refer-
ence point B:
1. Scheme A: B = 0; (First layer as reference)
2. Scheme B: B = 0 (Mean as reference)

The layer vector (LV) for each layer i is defined as
LV, =0, — B.
B.2 Mean Properties of Layer Vectors

Lemma 1. The mean of the layer vectors across
all layers is zero for Scheme B but not necessarily
for Scheme A.

Proof. For Scheme A, the mean layer vector is:

1 N ) 1 N
A E LV — E . —0_

i=1
which is generally non-zero unless #; = 6. For
Scheme B, the mean layer vector is:
1 N 1 N
(B) — — B) _ ~ D) =0—p =
m —N;LVi =5 (00 =6-0=
1=

=1

O



B.3 Variance Analysis for Importance
Measurement

In the balancing module, we measure the impor-
tance of each position j in the weight vector by
computing the variance of the layer vectors across
layers:

Mz

(LV;; —

2:1
where LV} ; is the j-th element of LV; and p; is
the j-th element of the mean layer vector.

Theorem 1. The variance calculation in Scheme A
introduces a systematic bias term (0; — 01 ;)? that
does not represent true inter-layer variation.

Proof. For Scheme A, the variance at position j is:

= S i
1 1]:\[1 ~
= NZ;W“ 01,5) — (0 — 61,5)]
1 & .
=N ;(Qi,j 0;)

However, the balancing module typically uses the
second moment rather than the variance for impor-
tance measurement:

N
A 1 A
By = 5 2w
i=1
| X
=5 > (61— 61;)
i=1
1 _ _
=~ > [(6ij — 0;) + (85 — 61)]
i=1
1Y _
=~ > (65— 0;)* + (85 — 61,)
i=1
N
9 —015) > (6
=1
(B) + (9 _ 917])2
where O'] = 7 ZZ L (05— 0;)? is the variance
for Scheme ]% The cross term vanishes because
Y (0i5 — 05) = 0. O

The proof shows that Scheme B (using the mean
as reference) provides a pure measurement of inter-
layer variation in the balancing module, while
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Scheme A (using the first layer as reference) intro-
duces a systematic bias term (6, — 0; ;). This bias
term reflects the deviation of the first layer from
the mean rather than true variation across layers,
potentially leading to inaccurate importance mea-
surements. Therefore, using the mean weight as
the reference point is mathematically superior for
the Layer Fusion framework, as it ensures that the
balancing module can accurately identify impor-
tant positions based solely on genuine inter-layer
variation.

C Proof of Functional Weighted Average
Superiority

In this section, we provide a mathematical proof
demonstrating the superiority of using the func-
tional weighted average as the reference point over
the simple average in the Layer Fusion framework.
The proof hinges on the functional strength met-
ric, which quantifies the influence of each layer
on the hidden states. We show that the functional
weighted average ensures a more accurate impor-
tance measurement in the balancing module, lead-
ing to better fusion results.

C.1 Notation and Definitions

Consider a block of consecutive decoder layers
S ={Ly Liy1,...,Li+p—1} with B layers. Each
layer £; has a weight vector §; € R%. The func-
tional strength of a layer £; is defined as:

Func(£;) = 1 — Sim(£;)

where Sim(L£;) is the cosine similarity between the
input and output hidden states of £;. The func-
tional strength is non-negative, and higher values
indicate stronger functionality. The weights for the
weighted average are defined as:

Func(L;)
w; = ,
Y Fune(Ly)
t+B—1
sothat w; >0 and

Z w; = 1.
i=t

We compare two schemes for selecting the refer-
ence point B:

el

1. Scheme A (Simple Average): B
Zt"rB 1 0
B

2. Scheme B (Functional Weighted Average):
By =0, = ZfitB_l w;0;



The layer vector (LV) for each layer ¢ is defined as
the deviation from the reference point:

LV;=6;—-B

C.2 Weighted Mean of Layer Vectors

Lemma 2. In Scheme B, the weighted mean of the
layer vectors with weights w; is zero.

Proof. The weighted mean of the layer vectors is:

t+B—1

> wiLV
1=t

t+B-1

> -
i=t
t+B—

t+B—1

w;il; — Oy E ws
i=t =t

Oy — 0y = 0.

Ow)

1

This shows that the weighted mean is zero, which
is a desirable property for unbiased variance calcu-
lation in the balancing module. O

In Scheme A, the simple mean of the layer vec-
tors is:

H—B 1 t—i—B 1

RS DI

Thus, both schemes have a zero mean for the layer
vectors under their respective weighting. However,
the key difference lies in the variance calculation.

=0.

C.3 Variance Calculation for Importance
Measurement

In the balancing module, the importance of each
position j in the weight vector is measured by the
variance of the layer vectors across layers. For
Scheme B, we use the weighted variance:

t+B—1

D

i=t

wi(LV;5)?

where LV;"; is the j-th element of LV;". Since the
weighted mean is zero, this is an unblased estima-
tor of the weighted variance. For Scheme A, the
variance is computed with equal weights:

t+B—1

> (LVEE)

=t

1

2(avg) L
% 7B

J

To compare these variances, we model each weight
vector as:
0; =0" +¢;
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where 6* is a common underlying weight vector,
and ¢; is a layer-specific deviation capturing the
functional characteristics. Layers with high func-
tional strength have larger deviations ¢;, meaning
they exert more influence on the hidden states.

2(w)

Theorem 2. The weighted variance ; in
Scheme B more accurately reflects the variability of
functionally strong layers compared to the simple

2(avg)

variance o; in Scheme A.

Proof. In Scheme B, the reference point is:

t+B—1 t+B—-1
=t 1=t

Since w; is proportional to Func(£;), and func-
tionally strong layers have larger ¢;, 6,, is biased
towards these layers. The layer vector is:

t+B-1
LViw = 92 - 9w = € — Z W€ -

The weighted variance at position j is:

t+B-1 t+B-1 2
2(w)
O'j = Z w; | €,5 — Z WEEE, 5 .
i=t k=t

This expression gives more weight to layers with
large w; (i.e., functionally strong layers), so the
variance is dominated by these layers. In Scheme
A, the reference point is:

The layer vector is:

t+B-1
avg 1
LV =i — & > e
k=t

The simple variance at position j is:
| tB1 | tB1

This variance treats all layers equally, regardless
of their functional strength. Consequently, it may
be unduly influenced by layers with low functional
strength (small €;), which act as noise, while dilut-
ing the signal from functionally strong layers. To
quantify the difference, consider the expectation
of the variances. Assume that the deviations ¢; are

2(avg
J



uncorrelated with mean zero and variance 02-2 for
each layer. Then, for Scheme A:

t+B 1 t+B—1
dV
RURES DI DK
t—i—B—l
B-1
- B2 Z Ui2
i=t

For Scheme B, the weighted variance has expec-
tation:

t+B—1 t+B-1

E w; o g wio?.

Since wj is larger for layers with high functional
strength (and thus large 02), Scheme B emphasizes
layers with high variability. In contrast, Scheme
A averages over all layers equally, which may sup-
press the signal from strong layers if there are many
weak layers. Therefore, Scheme B provides a more
accurate importance measurement by focusing on
functionally strong layers, which are critical for
fusion. O

2(w

C.4 Conclusion

The functional weighted average scheme (Scheme
B) is mathematically superior to the simple average
scheme (Scheme A) because:

1. It ensures the weighted mean of layer vectors
is zero, facilitating unbiased variance calcula-
tion.

It assigns higher weights to layers with strong
functionality, so the variance calculation em-
phasizes these layers, leading to more accurate
importance measurements in the balancing
module.

It reduces the influence of layers with low
functionality, which often contribute noise
rather than signal.

This proof justifies the use of a functional weighted
average in the Layer Fusion framework, as it en-
hances the quality of the fused weights by preserv-
ing the characteristics of functionally strong layers.

D Calculation Details for the Balancing
Stage

In this stage, we perform feature-aware refinement
of the extracted layer vectors through a mechanism
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inspired by (Du et al., 2024). For a selected block
S ={Ly, Li41,...,Li+p—1} with corresponding
layer vectors {vy, Viy1,...,Virp—1}, We apply a
balancing function ¢ : R¢ — R that adaptively
reweights each dimension based on its significance.

The balancing process consists of two comple-
mentary components:

Intra-Balancing: Measures the importance of
each parameter within a single layer vector. We
compute a self-aware importance score vector
Bintrai € RY for each v; using a normalized ac-
tivation function (e.g., softmax) over squared mag-
nitudes:

/Bintra,i -

where the factor B (number of layers in the block)
regulates the degree of suppression applied to re-
dundant parameters.

Inter-Balancing: Assesses cross-layer interac-
tions by evaluating pairwise similarities between
parameters at the same position across different
layer vectors in the block. For the k-th parameter
across all layer vectors, we compute:

Softmax (B - Norm(|v; |2)) (18)

t+B—1

Z Softmax< (k) vj(.’“)> (19)

1nter i

which promotes consistency among important fea-
tures and suppresses conflicting signals.

The final balanced layer vector is obtained via
element-wise multiplication of the intra- and inter-
balancing components:

O] (ﬁintra,i © Binter,i) :

This process enhances the representational quality
of layer vectors by emphasizing informative fea-
tures and reducing noise, thereby facilitating more
effective fusion in the subsequent stage.

Vi=9Y(vi) =v;

E Details for Probe Data
E.1 Probe Data Structure Design

This study designs a structured probe data system
to comprehensively evaluate language model per-
formance across different linguistic functional di-
mensions. Each probe sample contains four core
elements: probe text content, main category, spe-
cific subcategory, and expected language capability
to be tested. The data structure is defined using a
Python dataclass with fields for text content, cate-
gory classification, subcategory specification, and
expected capability assessment.



Table 3: Representative Probe Samples Organized by Linguistic Category. Each sample is designed to test specific
language understanding capabilities across five major categories: syntax, semantics, reasoning, mathematics, and

knowledge.
Probe Text Category Subcategory
Syntax Understanding
Birds fly in the blue sky. Syntax Simple Sentence
Although it was raining, they continued their journey. Syntax Complex Sentence
Why did you choose this option? Syntax Question Form
Semantic Analysis
Apples and oranges are both fruits. Semantics Word Relations
Time is money. Semantics Metaphor
Logical Reasoning
Heavy objects fall down due to gravity. Reasoning Common Sense
All birds have wings. Penguins are birds. Therefore, penguins Reasoning Logical Inference
have wings.
Mathematical Computation
12 x4 =48 Mathematics Arithmetic
A car travels 60 km/h. How far does it travel in 3 hours? Mathematics Word Problems
Factual Knowledge
The capital of France is Paris. Knowledge Factual
Water has the chemical formula H>O. Knowledge Scientific

This structured design ensures the systematic
nature and interpretability of probe data, facilitating
subsequent analysis of how different task types
affect model layers. The categorization scheme
covers five main dimensions: syntax, semantics,
reasoning, mathematics, and knowledge, each with
specific subcategories to target particular linguistic
capabilities.

E.2 Probe Data Acquisition Process

In the layer fusion system, probe data acquisition
follows a systematic four-stage process:

Probe Generation Phase: A specialized probe
generator creates a diverse set of probe samples,
with the number of samples being configurable.
The text content is then extracted from the gener-
ated probe set for subsequent processing.

Text Encoding Phase: The extracted probe texts
are encoded using a tokenizer that converts them
into tensor representations. This process includes
padding and truncation operations to ensure uni-
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form input length, with a specified maximum se-
quence length parameter.

Embedding Representation Acquisition: The
encoded token IDs are transformed into embedding
vectors using the model’s embedding layer. This
operation is performed in inference mode without
gradient computation to preserve computational
efficiency.

Layer Activation Collection: For each layer in
the model, the input and output activation states are
collected. The activations from the last token posi-
tion are extracted, detached from the computation
graph, and transferred to CPU memory for subse-
quent analysis. This process creates a comprehen-
sive record of layer-wise information processing.

E.3 Representative Probe Sample
Demonstration

Based on the comprehensive probe dataset, we se-
lected representative samples organized in a struc-
tured table format:



E.4 Application of Probe Data in Layer
Fusion

Inter-layer Similarity Calculation

The probe data enables calculation of input-output
similarity for continuous layer blocks. The similar-
ity computation involves extracting the input state
from the starting layer and the output state from
the ending layer of the block. Cosine similarity is
then computed between corresponding input and
output vectors across all samples in the batch. The
final similarity metric represents the mean cosine
similarity across all probe samples, providing a
quantitative measure of information preservation
through the layer block.

Functional Weight Calculation

Based on probe data, functional weights are com-
puted for each layer to guide the fusion process.
The calculation involves determining the input-
output similarity for individual layers, where lower
similarity indicates stronger functional transforma-
tion. The functional score is defined as one mi-
nus the layer similarity value. These scores are
then normalized to create a probability distribution
that reflects the relative functional importance of
each layer within the specified range. The normal-
ized scores are subsequently applied to weight the
fusion process, emphasizing layers with stronger
functional characteristics.

E.5 Quality Assurance of Probe Data

To ensure the scientific validity and reliability
of probe data, multiple quality assurance mea-
sures are implemented. Diversity is guaranteed
through systematic sampling that uniformly dis-
tributes samples across all categories, preventing
over-representation of any particular type while
maintaining a configurable total sample size. Re-
producibility is emphasized by storing probe data
in a standardized JSON format, enabling exact ex-
periment replication. Consistent data structure defi-
nitions ensure cross-experiment comparability, and
the system supports loading and utilization of cus-
tom probe datasets for extended research applica-
tions.

Through this systematic probe data construction
methodology, we achieve a comprehensive and
objective evaluation of functional characteristics
across language model layers. The carefully de-
signed probe system provides a reliable data foun-
dation for informed layer fusion decisions, support-
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ing robust experimental analysis and conclusive
validation of research findings.

F Details for Iterative Layer Fusion

In the iterative layer fusion experiment, we repeat-
edly ran our compression code. For the goal of
compressing 8 layers, we performed two compres-
sions using a block size of 4 and four compressions
using a block size of 2. Each compression ran in-
dependently, meaning that layers obtained from
previous fusion steps could be re-fused as ordi-
nary layers. This approach preserves more original
information compared to a single fusion step in-
volving fewer layer weights, potentially leading to
improved model performance. In this experiment,
when multiple compression steps are involved, we
retain the model after each compression step for
evaluation.

G LLM Usage Statement

Large Language Models (LLMs) were used to aid
in the writing and polishing of the manuscript.
Specifically, we used an LLM to assist in refin-
ing the language, improving readability, and ensur-
ing clarity in various sections of the paper. The
model helped with tasks such as sentence rephras-
ing, grammar checking, and enhancing the overall
flow of the text.

It is important to note that the LLM was not
involved in the ideation, research methodology, or
experimental design. All research concepts, ideas,
and analyses were developed and conducted by the
authors. The contributions of the LLM were solely
focused on improving the linguistic quality of the
paper, with no involvement in the scientific content
or data analysis.

The authors take full responsibility for the con-
tent of the manuscript, including any text generated
or polished by the LLM. We have ensured that the
LLM-generated text adheres to ethical guidelines
and does not contribute to plagiarism or scientific
misconduct.
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